Expert systems, a type of artificial intelligence that replicate how experts think, can aide unskilled users in making decisions or apply an expert's thought process to a sample much larger than could be examined by a human expert. In this paper, an expert system that ranks financial securities using fuzzy membership functions is developed and applied to form portfolios. Our results indicate that this approach to form stock portfolios can result in superior returns than the market as measured by the return on the S&P 500. These portfolios may also provide superior risk-adjusted returns when compared to the market.
Introduction
Expert System technology has seen its application in wide variety of disciplines including medical sciences, engineering, agriculture, and stock selection ( one security, but all of the securities in a given universe. Furthermore, through use of fuzzy sets, all securities in a universe can be compared relative to each other and the best investment opportunities can be selected, given what investment opportunities are available. This manuscript contributes to the ever growing literature of the application of artificial intelligence, expert systems, and specifically, fuzzy logic to group US stocks into portfolios.
This manuscript differs from the other application of fuzzy logic to stock selection and portfolio formation in both methodological application and data use. It explores the application of fuzzy ranking and a holistic approach to ratio analysis. We develop composite fuzzy scores by estimating a weighted average using fuzzy values of twenty-two different variables. Standardized beta coefficients as discussed in (Bring 1994) are used for weighting purposes. The fuzzy values are used to form portfolios of stocks for the period between 1994 and 2014. Results indicate that at least one portfolio formed using our methodology provides superior risk-return performance when compared to the market portfolio.
Section 2 provides a brief literature review of overview the application of fuzzy logic in finance, while Section 3 has the methodology. Section 4 is the data section. Section 5 discusses the results while Section 6 has the conclusion.
Literature Review
Expert systems in general are well suited to deal with information such as financial ratios, indicators of performance for firms, and are able to draw conclusions in ways that are remarkably similar to the way humans think have been tested and deemed safe and useful for applications in business and finance (Malagoli et al. 2007 ).
Our paper differs from (Chen et al. 2017; Nguyen 2016) as they both apply fuzzy logic algorithm to mean-variance-skewness-kurtosis framework while we mostly focus on using balance sheet, income statement, price ratios, and some market data like stock return, beta and trading volume. While (Chourmouziadis and Chatzoglou 2016; Xidonas et al. 2009 ) apply fuzzy trading system to daily data for stocks listed on the Athens Stock Exchange, we apply our methodology to the US stocks. (Korol 2014 ) applies a fuzzy logic approach to model and forecast exchange rates.
While (Malagoli et al. 2007 ) apply the IF-Then fuzzy logic for rating and pricing firms, we form and evaluate performance of stock portfolios. Our paper also differs from (Nedović and Devedžić 2002) as they survey and discuss a number of expert systems commonly used in different areas of finance 1 while we empirical apply our methodology.
(Cheung and Kaymak 2008; Zhou and Dong 2004) apply fuzzy logic to technical analysis while our manuscript is focused on fundamental analysis and portfolio formation.
Our manuscript also uses a unique approach to obtain a composite fuzzy score. While financial data can be fuzzified by applying fuzzy logic, financial variables while important, may differ in their significance for consideration.
Additionally, the relative importance of these variables could also change from year to year. To address this issue in an unbiased manner we apply standardized beta coefficient approach as discussed in (Bring 1994) to appropriately weight our fuzzy values and calculate a weighted average fuzzy score for all the stocks. Portfolios are formed by using these fuzzy scores.
Methodology
An important step in the fuzzification of financial data, is the identification of minimizing and maximizing factors.
Minimizing factors are factors that have an inverse relationship with return, meaning that a factor is better in terms of return when it is smaller. Maximizing factors have a direct relationship with return and are better when maximized.
Whether a factor should be minimized or maximized was determined by applying traditional fundamental valuation logic. For example, if a price to earnings ratio is low relative to companies in a universe, the company is considered to be undervalued. Therefore, the price to earnings would be a minimizing factor assuming a lower price to earnings ratio is preferable to a higher one.
The next step in the process is the identification of the largest and the smallest values of the variables in consideration. The smallest value of the minimizing variables is assigned a value of 1, while the largest value is assigned a value of 0. For the maximizing variables, the smallest variable gets a value of 0, and the larges a value of 1.
A fuzzy value is estimated for each value in between the highest and lowest values of each variable using the following membership function: 
The typical interpretation of the coefficients of this equation, especially if the coefficients are significant, is that a change on 1 unit in xi changes y by βi. This interpretation, however, does not provide any information about the relative importance of the explanatory variables. The approach to standardize regression coefficients, although not without controversy 2 , allows the determination of the comparative magnitude of the independent variables in the regression model.
While (Bring 1994) discusses two approaches to estimating standardized variables, the process used in this manuscript is one where the standardized regression coefficient is obtained by dividing a parameter estimate by the ratio of the sample standard deviation of the dependent variable by that of the independent variable. Accordingly, the standardized parameter coefficients for parameter estimates in equation 2 are as below.
The standardized parameter estimates obtained in equation 3 is converted to relative weights by using the following equation.
The absolute value of each standardized coefficient is divided by the sum of the absolute value of all the standardized coefficients. This allows the coefficients to be converted into weights based on the relative significance of each independent variable. Using the weights from equation 5 and fuzzy values from application of equation 1, a weighted average fuzzy score is obtained for each stock using the following equation.
This score is the security's fuzzy score relative to the other securities. As all factors are now on the same scale, they can be weighted and combined into a meaningful aggregate fuzzy score.
As an example of the implementation of our methodology, let's assume that the returns of the five firms in Table 1 Panel A are dependent on two variables: var1 and var2. The variable var1 is a maximizing variable while var2 is a minimizing variable. As var1 is a maximizing variable, its value of 8.05 for firm2 is assigned to have a value of 1, and its value of 2.56 for firm5, is assigned to have a value of 0. As var2 is a minimizing variable, its lowest value and highest values are assigned values of 1 and 0 respectively. Fuzzy maximum and minimum variables are in Panel B of Table 1 provides the fuzzy and crisp values both variables var1 and var 2.
The next in the process, requires running the following multiple regression equation shown below to get standardized beta coefficients. The regressions are carried out on the fuzzy values. Similar to variables var1 and var2, the return is fuzzified as well. The regression output is in Panel D of Table 1 .
The relative weights of the standardized beta coefficients are estimated by using the equations below. The fuzzy score (fs) for each stock is estimated as the weighted average of the fuzzy values.
After fuzzy scores for all the variables are estimated, the 50 th percentile value for the fuzzy score is used to group stocks into two portfolios. 
Data
The relevance and the economic significance of the methodology is tested by applying it to data extracted from dividend per share (dps), earnings per share (eps), fixed assets (fa), market value (mv), net profit (netp), net working capital (nwc), quick ratio (qr), operating profit margin, stock price (prca), sales, total assets (ta), total capital (tcap), total debt (td), and trading volume (vol). To avoid results to be unduly affected by low prices, we only consider stocks that have a price of at least five dollars. Firms with zero or negative equity were excluded from consideration. So were stocks with negative sales. Besides, to minimize the impact of extreme values, variables are windsorizedat the 0.5% and the 99.5% levels, i.e., values less than the 0.5% percentile and greater than the 99.5% percentile are replaced by the 0.5% and 99.5% values. The data was windsorized every year, before the stocks were grouped into portfolios.
Using these extracted variables, the following variables were estimated: self-financing ratio (sfr), financial leverage (fl), capital employed ratio (cer), overall solvency ratio (os), price to sales ratio (ps), total asset turnover ratio (tatr), Tobin's q (tq), payout ratio (pout), price earnings ratio (pe), book to price ratio (bp), profit margin (pm), price to dividend ratio (pdps), sales growth rate (s_g) and dividend growth rate (dps_g). These variables were estimated by using the formulae shown below. The variables considered to maximizing variables are: stock return, stock beta, quick ratio, operating profit margin, self-financing ratio, capital employed, overall solvency ratio, price to sales ratio, total asset turnover ratio, Tobin's q, profit margin, price to dividend per share ratio, lagged stock return, trading volume, sales growth rate, and dividend growth rate. The variables considered to be minimizing variables are: book to price ratio, payout ratio, financial leverage ratio, price to earnings ratio, and market value. The choice of variables defined as maximizing or minimizing is based on the assumption whether these variables are going to have positive or negative impact on stock returns. We consider quick ratio to be a maximizing variable, as a higher quick ratio indicates a better ability of the firm to meets its liquidity needs. Like current ratio, quick ratio measures a firm's ability to bills using its most liquid assets As higher profit margin (pm) boosts potential for growth using less external funds (Brigham and Daves 2013) we consider profit margin as a maximizing variable. We also consider operating profit margin a maximizing variable, as it relates a firm's performance to its operations (Brigham and Daves 2013) and accordingly, a higher number is more desirable than a lower number. We consider the payout ratio (pout) to be a minimizing variables, because a lower and steady payout policy invariably lowers the cost of equity thereby maximizing stock price (Brigham and Daves 2013).
We consider self-financing ratio and overall solvency as maximizing variables, while we consider financial leverage to be a minimizing variable. A higher value of the self-financing ratio means more equity in total capital, thereby allowing the firm to invest in riskier projects without having to access the external capital markets. High equity also indicates a higher capacity for accessing the debt market and increase leverage. (Reilly and Brown 2009) point out that high levels of debt increase bankruptcy costs, and accordingly extremely high amounts of debt in the capital structure would be detrimental to the interest of increasing returns to shareholders. Accordingly, financial leverage is a minimizing variable in this study. As higher overall solvency ratio indicates more equity in the capital structure, and like the self-financing ratio, it is considered to be a maximizing variable. The capital employed ratio is considered to be a maximizing variable, as it shows the fraction of the total capital deployed in productive assets.
Price earnings, and price to sales ratios are considered to be minimizing variables. As (Bodie et al. 2018) point out risker firms have lower P/E ratio, a low value for this ratio is indication for higher returns in the future for such stocks.
Higher P/E ratios, on the other hand are indication for lower future returns. A similar logic is used to consider price to sales ratio as a minimizing variable, and this variable is especially relevant if a firm has a negative net income.
The book to price ratio is considered as a maximizing variables as it is found to be positively correlated with subsequent stock returns (Fama and French 1992; Penman, Richardson, and Tuna 2007).
We consider volume to be a maximizing variables primarily from the findings of (Chordia and Swaminathan 2000), who find that returns of higher trading volume stocks lead those with lower trading volume. The rationale for using lagged returns as maximizing variables comes from findings of Titman 1993, 2001 ) who show that buying stocks with past positive returns lead to higher returns in the future.
Our motivation for considering size as a minimizing variable arises from the findings of (Fama and French 1992) who find that the coefficient of size to have a negative coefficient, thereby implying large size to provide lower returns.
We consider the growth rate in sales to be a maximizing variable, because everything else the same, an increase in sales would improve a firm's bottom line, optimism about the future, higher profits, cash flows and returns to shareholders.
As an increase in dividends exhibit managerial confidence about future prospects about of the firm, the dividend growth rate is considered a maximizing variable.
This methodology of portfolio formation would nevertheless be implementable. Raw variables are converted into fuzzy values using a membership function shown below. This function is similar to one shown in Equation 1.
where b is estimated as
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Using the fuzzy values from the membership functions in Eq. (6) and the weights of the standardized coefficients in Eq. (8), the composited fuzzy scores are obtained by using the equation below. This equation is similar to Eq. 5.
Eq. (9) results in each stock having a unique fuzzy score. These scores are then sorted quintiles. The quintiles numbers are then used to group the stocks into five different portfolios: P1, P2, P3, P4 and P5, which are held for one year. At the end of the year the return on the five portfolios are calculated. A portfolio strategy, hereby referred to as the net portfolio, which involved shorting Portfolio P1 and taking a long position in portfolio P5 was also implemented.
The entire methodology is repeated and portfolios rebalanced each year for the years between 1994 and 2014. Table 3 presents the average return for each of these five portfolios, the risk-free return and the return on the market as measured by the return on the S&P 500 for the period between 1994 and 2014. The performance of the portfolios are measured by the Sharpe ratio and the Treynor ratio, which are also presented in Table 3 .These ratios are estimated using the formulae in Eq. 10a and 10b respectively.
The beta of the market is taken to 1, while the beta of the portfolios is the average of the betas of the stocks in a portfolio. The annual betas of the portfolios are then averaged to obtain the portfolio betas for each portfolio between 1994 and 2014. The beta for the net portfolio is the difference between the betas of portfolios P1 and P5. The standard deviation of the portfolio is estimated using the returns of the portfolios. Table 3 also contains the performance of a portfolio strategy that involves shorting portfolio 1 and taking a long position in portfolio 5.
The average returns of the portfolios range from -0.28% for portfolio 1 to 10.46% for portfolio 5. During this period the average risk-free return was 2.69% and the average annual return on the market was 7.07%, while the net portfolio had an average return of 10.75% over the 21 years, between 1994 and 2014. While the average return on the market is higher than portfolios 1, 2, 3, and 4, it is 3.39% lower than that of portfolio 5, and 3.68% lower than the net portfolio. While the Sharpe ratios for P5 and net portfolio is higher than that of the market, the Sharpe ratio of the market is higher than those of P1, P2, P 3, and P4. For the Treynor ratio, except for P1, all the other portfolios outperform the market on a risk-adjusted basis. 
Conclusion
Stock picking is a tedious exercise requiring consideration of numerous pieces of information, especially if decisions made are to be objective and rational. Asset pricing models like CAPM and those proposed in French 1992, 1993 ) among others may serve as frameworks to stock selection with only a few variables considered.
However, a growing body of work including that by (Welch and Goyal 2008) use an exhaustive list of variables. Our manuscript provides an approach to decision making regarding stock selection and portfolio formation by using fuzzy logic to simplify decision making while considering an exhaustive list, twenty-two financial market and fundamental variables. This approach allows consideration of information contained in different financial ratios and variables, and by appropriately weighting that information, the final decision is based on only one composite fuzzy score. Accordingly, this approach represents the best of both worlds as its imultaneously allows for consideration of numerous variables, and simplify decision making.
In this paper we use fuzzy membership functions to convert raw values into fuzzy values. We weight the fuzzy values using a and standardized regression coefficients to estimated weighted average fuzzy scores. The fuzzy scores are then used to divide stocks into quintile portfolios, P1, P2, P3, P4, and P5. We also have one portfolio strategy where we short stocks We apply this strategy for 21 years between 1994 and 2014. Portfolios are balanced every year and held for one year. We also have one portfolio strategy, the net portfolio, where we short P1 and take a long position in P5.
Our results show the average return of one of the portfolios, P5, is higher than the other four portfolios and that of the market P5 outperforms the market by 3.39% while a portfolio strategy of shorting P1 and taking a long position in P5 would have resulted in a rate of return 3.68% higher than that of the market. The risk-adjusted performance compares favorably for four of the five portfolios and the net portfolio when performance is measure by the Treynor ratio. When the Sharpe ratio is considered, P5 and the net portfolio outperforms the market on a risk-adjusted basis.
These results indicated that the process of forming portfolios using a process that considers fuzzy logic could result in portfolios that outperform the market in average returns, as well as on a risk-adjusted basis.
